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Introduction :daagal .15
oda aladinl & Cus Asjikall daa) ledll o) il ol 5l Hlaa) Ja) o Fanad Glly aladiul &8 oupanll cuilsl)
25 (UCH)  adsall o cllall o3a 330 5 a8y (Rojas et al., 2017)  dadall agisny & ofialdl Q) 8 e Ul
Sl lsall maly eliil 23 R Slaa¥) maliplls ebidas &g . (Slump, Forest fires, Boston, Qsar_Aquatic_Toxicity)
SRRVl (shal) Aaeilss) Aasiaall Auad s lasiulis Gandl 138 e (gl Cuilad) 8 ela L e Galiss olel 5,,S0)
Alg Jeadl o Jsasll (RMSE) lhall Glasye hawgi Hia e aladinly (9aY) 25la) il ylsal) ae Leiilaay 2D
Cilparially Ll pas Gus e il L) s3] Chagll g slal (1) Jsaally .SVR aclal) daiall jlasdy 281 Cilaleall
.4._\;:\."4‘533\

dapail) libad) (e degara IS culpiiall a3 A paa eidasy (1) Jgaad

Aquatic Forestfire

545

9

de;.u dbb\ PR IR | (‘Q L\__\; dl.u} 100 E) ‘)h 100 LA;: L__E}:\AJ Blac dS, Nl,N2,N4 ‘;bj daddiaall 22ll 2ae d:.z.mi us.qu
yaalls e it e Jseand (2.5 ,3.5, 4.5) calss glioad) Jshl W) (0.2 ,0.4, 0.6) siall Jishl i€ Cm ¢ olasadly

Olally sdadl Jlshl e N 33k (S gy (2) Jsaad)
Mother plane length Roots and runners
N11 1= One Mother plant, 1= (0.2) root length & (2.5) runner length
N12 1= One Mother plant ,2=(0.4) root length & (3.5) runner length
N13 1= One Mother plant, 3= (0.6) root length & (4.5) runner length
N21 2= Two Mother plants, 1= (0.2) root length & (2.5) runner length
N22 2= Two Mother plants, 2= (0.4) root length & (3.5) runner length
N23 2= Two Mother plants, 3= (0.6) root length & (4.5) runner length
N41 4= four Mother plants, 1= (0.2) root length & (2.5) runner length
N42 4= four Mother plants, 2= (0.4) root length & (3.5) runner length
N43 4= four Mother plants, 3= (0.6) root length & (4.5) runner length

ki) Cslad il lad) Cslal) ooy AN LAY Cullud danatl) bl degane Ao (SBA) Alghill duajjloa Gul
AaSLal) ey sl me gijlaag (culy Nl Alaey 2l gl (G gaally cculgyl) dae
(5)(A)(6) «(3) Jshaall 3 Aanga ilidlly

Slump il A3 Cullud Lghall duajjlsd Gadss il (3) Jgaadl

Slump
_ Mother Elite Selection | Roulette selection Roulette & Elite
Algorithm No.(droot,druu.) RMSE RMSE RMSE RMSE RMSE RMSE Test
' Train Test Train Test Train
SBA N1(0.2,2.5) 2.44888 | 12.89653 | 4.53622 | 13.33781 | 4.00535 12.10960
SBA N1(0.4,3.5) 2.82295 | 12.87265 | 2.04566 | 12.88434 | 2.82295 12.87265
SBA N1(0.6,4.5) 1.77076 | 12.89491 | 1.89383 | 11.32979 | 1.74755 12.17758
SBA N2(0.2,2.5) 1.95525 | 12.50862 | 1.79197 | 11.52353 | 2.16203 11.82106
SBA N2(0.4,3.5) 1.89328 | 11.52131 | 6.12849 | 12.48207 | 2.82097 10.63014
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SBA N2(0.6,4.5) 1.89036 | 13.48664 | 5.57654 | 11.94798 | 1.76889 12.91705

SBA N4(0.2,2.5) 1.82498 | 13.50681 | 1.77352 | 11.30080 | 1.87690 13.18164

SBA N4(0.4,3.5) 2.15843 | 12.61816 | 1.72869 | 11.73197 | 1.73857 12.33128

SBA N4(0.6,4.5) 1.71955 | 12.87262 | 1.69681 | 12.63180 | 1.84299 12.53445

PSO 1.99741 | 13.84280 | 1.99741 | 13.84280 | 1.99741 13.84280

GA 2.84406 | 13.11189 | 2.84406 | 13.11189 | 2.84406 13.11189

Gride 7.29291 | 14.86904 | 7.29291 | 14.86907 | 7.29291 14.86907

Boston il A3l callud Lghall daajled (Gaadad il 1(4) Jgand)
Boston

Mother Elite Selection Roulette selection Roulette & Elite
Algorithm | No.(droot,druu. | RMSE | RMSE | RMSE RMSE RMSE | RMSE

) Train Test Train Test Train Test
SBA N1(0.2,2.5) 3.13251 | 5.27200 | 2.60856 | 4.80969 | 2.73818 | 5.00025
SBA N1(0.4,3.5) 3.62102 | 4.91225 | 2.63063 | 4.70784 | 3.66831 | 3.78389
SBA N1(0.6,4.5) 2.70154 | 5.25124 | 2.87845 | 4.64666 | 2.61286 | 5.62428
SBA N2(0.2,2.5) 2.60048 | 5.17678 | 2.63260 | 4.42864 | 3.38950 | 5.96573
SBA N2(0.4,3.5) 2.83455 | 5.35763 | 3.04684 | 4.16946 | 2.53857 | 5.34171
SBA N2(0.6,4.5) 3.74054 | 5.60219 | 2.73799 | 4.83329 | 3.99984 | 5.78423
SBA N4(0.2,2.5) 4.02044 | 4.81386 | 4.62884 | 4.72191 | 3.84530 | 4.50810
SBA N4(0.4,3.5) 3.43398 | 4.28857 | 4.96765 | 4.30002 | 3.38443 | 4.44762
SBA N4(0.6,4.5) 4.18948 | 4.71065 | 4.23068 | 4.91484 | 3.70104 | 4.64006
PSO 4.09613 | 5.50623 | 4.09613 | 5.50623 | 4.09613 | 5.50623
GA 4.33522 | 5.85656 | 4.33522 | 5.85656 | 4.33522 | 5.85656
Gride 5.46041 | 8.42234 | 5.46041 | 8.42234 | 5.46041 | 8.42234

I D 74 U372 e P TP |

Aquatic b AN uluudd gl A da ) sa Gukii @il (5) g

Forestfire
_ Mother Elite Selection Roulette selection Roulette & Elite
Algorithm No.(drootdruu.) RMSE Train RMSE Test RMSE Train | RMSE Test | RMSE Train R_?AeSStE

SBA N1(0.2,2.5) 49.39317 42.85173 19.04705 51.75662 28.08271 50.65925
SBA N1(0.4,3.5) 33.38810 49.85111 29.59363 53.36327 35.78666 49.68947
SBA N1(0.6,4.5) 38.03261 41.06021 35.63463 42.40550 28.73438 56.49285
SBA N2(0.2,2.5) 43.04552 48.01545 35.76789 54.67596 30.12868 46.21930
SBA N2(0.4,3.5) 28.37539 49.61842 27.07785 46.10621 22.32414 42.70503
SBA N2(0.6,4.5) 42.09824 37.90466 28.95201 38.61788 26.79194 47.18724
SBA N4(0.2,2.5) 1.82498 13.50683 217112 12.54395 1.78742 12.54069
SBA N4(0.4,3.5) 2.15843 12.61816 1.97364 12.51096 1.90449 11.95756
SBA N4(0.6,4.5) 1.71955 12.87262 1.98560 12.06464 1.70268 12.15999
PSO 40.45411 43.31162 40.45416 43.31162 40.45416 43.31161

GA 43.25545 60.55880 43.25544 60.55880 43.25541 60.55880
Gride 51.69391 74.22844 48.00247 70.12445 53.85360 50.65925

L—sa [ | o | Soew | hors | Wreew | #2000 | 57608 )
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Forestfire cilibs! A5G culluSU 4 ) )81 dua )l 3 (Gaadai @il (6) Jgaad)

Aquatic
Elite Selection Roulette selection Roulette & Elite

Algorithm Mother No.(droot.druu.) RMSE Train RMSE Test RMSE Train RMSE Test RMSE Train RMSE Test
SBA N1(0.2,2.5) 0.41477 0.85322 0.46251 0.93714 0.36493 1.08141
SBA N1(0.4,3.5) 0.36759 0.73579 0.40257 0.86096 0.30902 0.87311
SBA N1(0.6,4.5) 0.42526 0.86007 0.48701 0.89476 0.39953 0.79808
SBA N2(0.2,2.5) 0.35411 0.93829 0.31281 0.51231 0.25720 0.68785
SBA N2(0.4,3.5) 0.29497 0.67737 0.21692 0.54700 0.36822 0.68599
SBA N2(0.6,4.5) 0.30614 0.98303 0.24029 0.70659 0.50609 0.83976
SBA N4(0.2,2.5) 0.57891 1.11291 0.58693 1.35948 0.53033 1.42838
SBA N4(0.4,3.5) 0.45273 1.31017 0.74190 1.33992 0.52184 1.31512
SBA N4(0.6,4.5) 0.54133 1.20878 0.53491 1.33358 0.46593 1.31881
PSO 0.48153 1.23493 0.48153 1.23493 0.48153 1.23493
GA 0.45528 1.02366 0.45528 1.02366 0.45528 1.02366
Gride 0.90467 1.68057 0.75607 1.39886 0.82895 1.55354

Aquatic

Elite Selection Roulette selection Roulette & Elite

Algorithm Mother No.(droot,druu.) RMSE Train RMSE Test RMSE Train RMSE Test RMSE Train RMSE Test
SBA N1(0.2,2.5) 0.41477 0.85322 0.46251 0.93714 0.36493 1.08141
SBA N1(0.4,3.5) 0.36759 0.73579 0.40257 0.86096 0.30902 0.87311
SBA N1(0.6,4.5) 0.42526 0.86007 0.48701 0.89476 0.39953 0.79808
SBA N2(0.2,2.5) 0.35411 0.93829 0.31281 0.51231 0.25720 0.68785
SBA N2(0.4,3.5) 0.29497 0.67737 0.21692 0.54700 0.36822 0.68599
SBA N2(0.6,4.5) 0.30614 0.98303 0.24029 0.70659 0.50609 0.83976
SBA N4(0.2,2.5) 0.57891 1.11291 0.58693 1.35948 0.53033 1.42838
SBA N4(0.4,3.5) 0.45273 1.31017 0.74190 1.33992 0.52184 1.31512
SBA N4(0.6,4.5) 0.54133 1.20878 0.53491 1.33358 0.46593 1.31881
PSO 0.48153 1.23493 0.48153 1.23493 0.48153 1.23493
GA 0.45528 1.02366 0.45528 1.02366 0.45528 1.02366
Gride 0.90467 1.68057 0.75607 1.39886 0.82895 1.55354

L= [ [ vow ] ow | oww [ ow [ omw [ e |

oo e A5l s ) (PSO, GA, GRID, SA) wluiylsall e (SBA) dajiall duej lsal) G Ayl il <yl
Aghall dua) sl 3alall sl al) a5 Gum Lodle) Aaay¥) Jslaall die LS (RMSE) Uasl) cilasje Jaesial j3s 3l Dla
o Al 43)lke RMSE (i) el 1368 Lgan A5l cads 3l Aua) lsill ok aiasy 3aa)) 0sllls (RMSE (i bty
LAY daslal 2l

(PSO, GA, GRID, SA) cluylsall e (SBA) da ikl daa) sl (s dppyaill mibil) cujelal (6-3) Jshaadl DA (e
Ol a5 ool A ¥ Jolanlls A LS (RMSE) sl Cilasye Jacssial ia il s e ey 35lkal) a3
JB) i s lgna Aplaall Al daayplsall lad dingg 3alid) (ollly (RMSE Jil s all alghdll daajlsal alidl
LAY Alal) DA cilayleall 43 RMSE

SV daailly LYl capall Slly e SO (RMSE) o dlasdle oKar ((6).(5):(4)(3)) Jshaadl DUa (a5 <lld e Slad
phes 8 a8 JB) el culS gl um OLaaY] Cullal auealy Gl auanls Lot Lad 43)aeS, b SBA L) lsa <Wla
o s A Gagiall maagi Ay oba) (10-7) Jghaad) & inge 5o LSy canly o ST dial) a2 g (00 ) YA
S (6) «(5) (4) «(3) Ishandl e s3sale Jglaall sda o) Cun jea¥) Gslll st & lly RMSE jlaaall L o8 ()
L s



Iragi Journal of Statistical Sciences, Vol. 19, No. 1,2022, Pp. (1-16)

SLUMP clilud RMSE aé () aj0a3 1(7) Jsaad

Slump
_ Mother Elite Selection Roulette selection Roulette & Elite
Algorithm No.(droot,druu.) RMSE RMSE RMS_E RMSE RM$E RMSE
Train Test Train Test Train Test
SBA N2(0.4,3.5) 1.89328 | 11.52131 | 6.12849 | 12.48207 | 2.82097 | 10.63014
SBA N4(0.2,2.5) 1.82498 | 13.50681 | 1.77352 | 11.30080 | 1.87690 | 13.18164
SBA N4(0.4,3.5) 2.15843 | 12.61816 | 1.72869 | 11.73197 | 1.73857 | 12.33128
SBA N4(0.6,4.5) 1.71955 | 12.87262 | 1.69681 | 12.63180 | 1.84299 | 12.53445
Boston il RMSE aid (8) yaas :(8) Jgaal)
Boston
Mother Elite Selection Roulette selection Roulette & Elite
Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE RMSE
) Train Test Train Test Train Test
SBA N1(0.2,2.5) 3.13251 5.27200 2.60856 4.80969 2.73818 | 5.00025
SBA N1(0.4,3.5) 3.62102 491225 2.63063 4.70784 3.66831 | 3.78389
SBA N2(0.2,2.5) 2.60048 5.17678 2.63260 4.42864 3.38950 | 5.96573
SBA N2(0.4,3.5) 2.83455 5.35763 | 3.04684 4.16946 2.53857 | 5.34171
SBA N4(0.4,3.5) 3.43398 | 4.28857 | 4.96765 4.30002 3.38443 | 4.44762

[ sa | [ 478245 | 622222 | 487542 [ 62222 [ 478245 | 622222 |

Aquatic <ULyl RMSE a8 J8) a5 :(9) Jgaadl

Aquatic
Elite Selection Roulette selection Roulette & Elite
Algorithm Ly
9 No.(droot,druu.) | RMSE RMSE RMSE RMSE RMSE RMSE
Train Test Train Test Train Test
SBA N2(0.2,2.5) 0.35411 0.93829 0.31281 0.51231 0.25720 0.68785
SBA N2(0.4,3.5) 0.29497 0.67737 0.21692 0.54700 0.36822 0.68599
Forestfire <UL RMSE ad (8 waat (10): Jgaadl
Forestfire
_ Mother Elite Selection Roulette selection | Roulette & Elite
Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE RMSE
) Train Test Train Test Train Test
SBA N4(0.4,3.5) 2.15843 12.61816 | 1.97364 12.51096 1.90449 | 11.95756
SBA N4(0.6,4.5) 1.71955 12.87262 | 1.98560 12.06464 1.70268 | 12.15999

Aapanl) cllal) LA AV ) G Alaall il g sy (6) JSAN dlae) & HLeaY) cadlad G Alaal) Ja) Gag

Gl gaaladdl slead (o JY) CiaYl B jgadll mingy Gus « RMSE.TRAIN jlal (il
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Dberal &gl Auey lsad HLaaY) bl o A3)lkal 3(6) IS

skl oly a0 ) Cglud I lasl caglud (e ciide Sy sl (8 caglin dlia ol edlel (6) JSAN e Jaadl cas
Dbl el dawsatll bl alae gl s JaneS Juadl) IS culg )l dlaey dasll Slad) sl o gl
LAY sl g Ajlha 0.78 <ulS lly g dans el 45l RMSE. Train

Gy s 5 V) A paal) bl LESS EDE) L) o il il gy @3y (7) JSAN sl 5 Caskodl) uking
. RMSE.TEST jladl jlaaYl

RMSE.Test jlual a5l dua)yleal HLaa¥) cullud oy d55aal) £(7) <

Alae Gl ol AL LR sl I Laa) Coglad e Calie (g gl b Clis Gl o) (7) JSAD G Lad Baadly

s ay das o) 4L RMSE.TEST jlaadl ) dsclly dsjatl) il psalae e cacss JanaS Jemdl) (IS g )

DAY sl ae d3lie 0.78 il

The Friedman Test gl @ jLid) .16

o) 5 5aalia (30) (e JBl Al pas Alls L axdiey (Tests Nonparametric)  alee Y Slasl L) ge e gy

g Alls B Aigiee Ciligyh o) CBEA) 2gag ,LsaY Friedman Milton  Galdl Ji e 1973 ale 4 Laa¥l 1 alasisul
-(Porkka et al., 2008) dalyia e <lly
Ll Lgae 3lal) 23 Al Axilal) e lsad) 3L ge SBA da ikl Aa) lsadl 0 Dsinadl oyl LAY LAY 1aa pladil
) deagil) 23 Al giltal) gy (11) Jsanlly .SpSS Slas¥) malind) aladiuds ddadally Lo jail)

G adl Gl A1 il i) o ALgAl daaj s Ausinal) Gadl day Clatsh JLa) it 1(11) Jsaad

Elite Selection Roulette selection Roulette & Elite
Data sets I oNSE Train | RMSE Test | RMSE Train | RMSE Test | RMSE Train | RMSE Test
Slump Gride, SA Non Gride, SA Gride, SA Gride, SA, Gride, SA
GA
Boston Gride, SA, Gride, SA, Gride, SA, Gride Gride, SA, Gride
GA GA GA GA
Aquatic Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, | Gride, PSO,
SA SA SA SA SA SA
Forest Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO, Gride, PSO,
fire SA SA SA SA SA SA

11
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(SBA) daitall dua)ledll G digine gy cllia of (11) Jsandl BlA ey leand HLadl) Gadd e Jidail) il ekl
Sy Canpll il (A dsa) g el Asalsa ¢ el e salsa ¢ Atanl) A ls) ooy AaSLall e salls A lie
(cadsyll lae Slaaly L) ol (o gaally ¢ Cadgyll Alae LAl Caslule Zadl Jlaa) Colul) EDEN L) b LasY)
- V) Lyl L) caladd
Global and local search in the experimental section sl cuilall Aaally allad) Gal). 17
Gy Pl g alaally olally Alficia dapdall Blgall o Gndl o ALghall daay s 4 (Global Search) callall Ginilly vl
Ol (I ddall chardlly Hedall paghat PlA (e sl 5o (Local Search) sl sl Lol a1 (S ) lad)
e L_;MS\ Gl e Juzadl W el (Runners) jlaudl Micia gALd\ Gl o) Alaal) il Wil Gus L BY)
IS A0Sl Ll 05 Cam ginl) o Jshal 055 Slasal ) s @iy 3 sl A il A lsal 3 (RoOtS) jgaalls iy
& U ) e (gging Jsas el @ 385l e a1 8 0S5 A st G i) Aalise (b Ganll Jadls ps)
98 LSy duwyas by degane JSI sl gl <5 o3l las J8) (liscdl RMSE e Jguanll e 230 BA (e Waalad
(12) Jsaall b ease

Ao atl) llal) gualaal siall Aijlia lisall JBY) RMSE jnal) dadh s 1(12) Jgaadl

Elite Roulette Roulette &
Data Set Selection selection Elite
RMSE RMSE RMSE
Slump 0.95 0.83 0.78
Boston 0.26 0.40 0.30
Aquatic 0.23 0.23 0.40
Forestfire 0.73 0.42 0.45

Claan A il L)lae Adle sl RMSE e 8l A le olad) Jgeas Gas o) Laady (12) doanll Ps e
& Aadiye s el calS Eus ForestFire 5 Slump by desene DI (o clld ddaadle (Ko aas <y ¢ 5dall Lgle
sda b Jundl ale Ui Hsiall culS a@ Aquatic 5 Boston by esess b culS Laiy gl (o LY cullud
die ) oy A lie Lagale (a8 sl cul€ ohall a0 S @iy alladl Gl i Y Sl o e Y 1ay el
sl Al Gaadl b Juadl i ganall a) 8 S 138 gag Baeilsadl 8 Laslac

Application part &bl cailad .18

el (sa) (hdese (e Ll Jgeanll 23 lls ((Blood pressure) aall bia ajel disis <l aladiul culal) s 8 5
aalia (128) (e dusall cilliy LS oY) 2aina 2aly yuiiag (X) canagi uiia (17) 0o bl sda calling . lgan ddailaa 8
dlae Al Gaslod (Al HUA) Gisll) (s SLESOU Cutlel G35 dlasiuly A dsalss plasiuly Ll Jdadl shal 5
(13) Jsaalls damse lly pelall anial) laady cilaladll (e Alss omdl LAY (aly s 28 bl cp gmally
O iy . (PSO, GA, GRID, SA) da¥) clualsall Ao alghall dua)lsa B gl cpelal olia) (13) Joaadl P
Jas iy galall Osllly (Alghall daaylsal (3alall sl Winas &3 Ally RMSE Waal) cilanye Jausgial 3 il e Jsaanll Pl
Ngme Aplaal) cat ) BDAN Sl ol e RMSE Bl cllaas all dasj lsall

pll Jaiiia i pal DAY LAY Culliad aladiiaily A1 9) i) dpa ) A Gkt 1(13) Jgaad)

Mother Elite Selection Roulette selection Roulette & Elite
Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE MSE
) Train Test Train Test Train Test

12
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SBA N1(0.2,2.5) | 0.26814 | 1.16645 | 0.45682 | 1.17510 | 0.33441 | 1.31164
SBA NI1(0.4,3.5) | 0.35748 | 1.14983 | 0.19617 | 1.28512 | 0.42307 | 1.19895
SBA NI1(0.6,4.5) | 0.27651 | 1.33886 | 0.38970 | 1.24616 | 0.17335 | 1.38543
SBA N2(0.2,2.5) | 0.20291 | 1.34731 | 0.47693 | 1.26526 | 0.40682 | 1.22637
SBA N2(0.4,3.5) | 0.33460 | 1.19411 | 0.36445 | 1.26472 | 0.34474 | 1.19996
SBA N2(0.6,4.5) | 0.33783 | 1.30731 | 0.36121 | 1.32029 | 0.28782 | 1.30056
SBA N4(0.2,2.5) | 0.14057 | 1.34108 | 0.34093 | 1.29651 | 0.55718 | 1.24682
SBA N4(0.4,3.5) | 0.13510 | 1.38431 | 0.11849 | 1.32253 | 0.33525 | 1.07293
SBA N4(0.6,4.5) | 0.13169 | 1.42667 | 0.19124 | 1.03522 | 0.41269 | 1.01593
PSO 0.14465 | 1.36417 | 0.14465 | 1.36417 | 0.14465 | 1.36417
GA 0.14541 | 1.35194 | 0.14541 | 1.35194 | 0.14541 | 1.35194

Gride 0.69000 | 1.50258 | 0.74018 | 1.47638 | 0.77413 | 1.46758

pl) il i yal cliby RMSE as J81 paat (14) Jgaad)

pdl) Jaia

Mother Elite Selection Roulette selection Roulette & Elite

Algorithm | No.(droot,druu. RMSE RMSE RMSE RMSE RMSE MSE

) Train Test Train Test Train Test
SBA N1(0.4,3.5) 0.35748 | 1.14983 | 0.19617 | 1.28512 | 0.42307 | 1.19895
SBA N1(0.6,4.5) 0.27651 | 1.33886 | 0.38970 | 1.24616 | 0.17335 | 1.38543
SBA N4(0.4,3.5) 0.13510 | 1.38431 | 0.11849 | 1.32253 | 0.33525 | 1.07293
SBA N4(0.6,4.5) 0.13169 | 1.42667 | 0.19124 | 1.03522 | 0.41269 | 1.01593

ADIA Ge sMlg odlel (14) Joand) dlae) 2 Jumdl @y IS LS dalsall 3 (N) QY1 il shall sae 8alise o) i) Ja) (pas
Als 8 Ly aid (yolls g8 J3l RMSE jlad) dad 05 Al eVl axe gli aslgll (golesy IS 22all 220 s & () 1Dl
e IS LS shal) sae ol LS A) I3 (pa ety @iy Lo Al il S8 RMSE L cjela (3] il axe oIS 8 ie das)l
cas Wy (14) Jsaal) 3 miage o LSy cduball oda (8 axdiosall Slaall ) il J8) dadiny il s s il

(13) Jsaall e 35ale Joaall 13 o G sea¥) 05l 8)5ally RMSE lunall L o8 8 e (ggins ) Caginall
G5 (8) JS&N sae) & ol haia il RMSE.Train jlael alghll dae)lsad D0 Laa¥) callad ¢ 2jlaall dal Gy
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el Laxia il RMSE.Train [l Alghall dae)lead Hlaa¥) callud mag (8) JSal
caall Jaxim il de sanal Alghll Laa)ylead HLaa¥) cullud (s A3)Rall (9) JS&N Sl 5 RMSE.Tes jlsall (sl (puiisg
CmAY) sl 85)lae (0.33) a5 s o) 4l L3l sl (5 raas (sl

adll Jaxia bl RMSE. Test jlaal &lghall 4 lsal HLaaY) cullad gy (9) ISl
The Friedman Test gl g jLad) .19

L WS HLaaYly cupaill Ul Agieall clig i) HLaaY llily all baiia cayal dadall Gl e lan lasl shal &
LU (SBA)da il Lae)ylsall o dusins clig b clilia o Jalail) il cjedil (15) dsand) A (g -olial (15) Jsaalls
& (Cride)isuall dos) s ae dajitall Laa) sl (o Digina (Bo08 lllin Cam AV Gl))ledll e d5)le Hlaadd 2D
Aghdll Ly lsd n Lgiea Gy clllin ) Ladl culg)ll dlae Cslud Als g L LAYy copall bkl 4430 lad)
Of Bagh cudg il Alae Hlasly dadll Hlas) sle) G gedll Als 8 Lly . jLaaYls cupail) <Ll ( Gride, SA) Jwe))lsds

WEaYls il Sl (Gride, PSO, SA, GA) il lsally da iaal) duaisleal) (s Lisina (39 clilia

pl) Jaia il ALt Loajleid Auginal) 3 gudll Aoy cladid JLIA) il 1(15) Jsead

Elite Selection Roulette selection Roulette & Elite
Data sets RMSE RMSE RMSE RMSE RMSE Train RMSE Test
Train Test Train Test
adll Jazia Gride Gride Gride, SA Gride, Gride, PSO, Gride, PSO,
SA SA, GA SA, GA

Global and local search in the application section duhil) cuilal) 8 allally Aaal) Gl 20
Costad Uy psiall Lae 31 sl RMSE e Jgeanll cie 220 DA (e laalad @8 A o) e (5iny Jgan slael 8 38,

b s Elite Selection Roulette selection Roulette & Elite
S RMSE RMSE RMSE
pl) lia 0.78 0.54 0.69
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Y el Aaal) Jlae & pasl 058 Gl didial) alladl Gl o€ siall e dumdl Glasedl o) zase (16) saally
U Claiye lausie Jia J8) e Jyemad) I gah Lea da Jeadl o Jeans by psiall (e ST il I 55 o) podaies
sl il Al Hedall (he JB)
elaliinay). 21
DL e Jail il dac) SVR acladl aaiall jlasil #35a8 aa SBA Ldghill &) jlea oy oy 1A of .1
LAaLal il leall
Ly« Jafl) LS Calgg )l dlae g Aail) 5Las) sbad o o) ddinla o aail) aslall 6 il sl .2
o) 0@ kil Cslall 8 Lal RMSE.Test jluadl) 3 doail) LS eyl dlae jlid) gl LS
@nf) 23 RMSE.Test jluaa 8 Lal « RMSE.Train jluse & Joail) LS aail jlasl sl of gl
oAV sl Alee Juadl (IS 2 cudg ) Alae HLAY) Gl o) i)
B8 gl OLS 28 alghil) dsay)lsd o (o Lgia plinu) o ally il e 08 pler s lad) ehal e .3
e e (S3—iee (8 Lol QLS SBA &yl o bl oy gl o a o dadatll lal) 8 Laly LAyl
<l leall
o) il 8 sl @13 LSy Baaly sade (e doadl da el Adghall ey lod 8 o) e sac Madiu) 4
lae 48 Ladll lasye lavigia jia o ade Aol adall ae s 0 cV LAl @Dlial Bl e kil
cdmdl Ja g pSh Gy dalie jiga sanly Baie Ge dall aae aliy oY @llyy LoV B e
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Abstract

In this paper, the Support Vector Regression (SVR) model was used, which is defined as an algorithm or a
linear model used to predict a specific model. The performance efficiency of the SVR method depends on
the selection of its hyper parameters. In this paper, the SVR method was used with the Strawberry
Algorithm, which is the proposed algorithm to obtain the best combination of hyper parameters.

The Root Mean Squares Error (RMSE) criterion was used to compare the results obtained using the
proposed algorithm with some common algorithms, namely, Grid Search, Genetic Algorithm, Particle
swarm optimization, and an annealing algorithm (Simulated Annealing algorithm. Three methods of
selection were also used in the strawberry algorithm, roulette wheel selection, elite selection, and roulette
wheel with the elite selection method together. The performance of the algorithm was tested through
experimental and real data. The results showed that the strawberry algorithm was superior to the common
algorithms in choosing the best combination of hyper parameters. The results also showed that the method
of choosing the roulette wheel is the best method that gave good results compared to other methods on the
experimental and applied sides.

Key Words: Support Vector Regression, Machine Learning, Algorithms, Strawberry Algorithm.
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